Abstract -Automated detection of Fetal Heart Rate (FHR) patterns can potentially improve intra-partum care by providing consistent and reliable measures that assist health-care professionals in their assessment of the state of the fetus. We use the combined tools of signal processing and neural networks to detect the FHR patterns of baseline, acceleration and deceleration. Comparison to previous results reported in the literature are provided.
I. INTRODUCTION
Although childbirth is a natural process and outcomes are generally good, approximately 1-7 in 1000 babies experience sufficient oxygen deprivation during labor to cause death or brain injury (ACOG 2003 , Badawil998, Draper 2002 . During labor the fetus is relatively inaccessible and the clinician must rely upon available, albeit indirect, measures of fetal condition to assess its tolerance to labor. The objective of this monitoring is to detect the fetus at substantial risk of adverse outcome so that intervention can prevent its occurrence. Today over 90% of labors are monitored electronically with sensors that measure and record fetal heart rate and maternal uterine contractions. Delay or failure to recognize abnormal patterns in these recordings can lead to fetal injury.
In fact, multiple reviews of cases with birth-related brain injury suggest that around 50% of such injuries are related to preventable medical errors, most often centering on incorrect analysis of the FHR recording (Draper 2003 , Ransom 2003 , Saphier 1998 , Stalnacker 1997 . The financial burden is massive and rising, reflecting the 4.5 million annual births in North America, the frequency of errors and the cost of an individual settlement for a baby with permanent birth related brain injury. The median jury award in single cases involving childbirth jumped 43% in one year alone, from $700,000 in 1999 to $1,000,000 in 2000, and continues to climb (Harming Patient Access 2003) . Thus it is not surprising that childbirth healthcare services continue to generate the most frequent malpractice claims and lawsuits as well as the greatest liability exposure and cost of all medical specialties (Berry 2001) .
The relationship of FHR patterns to oxygen deprivation is fairly nonspecific. The fundamental pattern is the "baseline" or resting level of the fetal heart rate. In general, a stable baseline FHR level between 120 and 160 beats per minute indicates that the baby's heart is pumping well and delivering adequate amounts of well-oxygenated blood. Small fluctuations around this baseline (referred to as "variability") indicate that the central nervous system is intact and providing a healthy modulating influence. Temporary increases called "accelerations" accompany fetal movement and indicate a healthy state. Other patterns reflect adverse conditions. "Decelerations" are temporary decreases in the fetal heart rate that reflect events such as compression of the umbilical cord, malfunction of the fetal heart muscle or premature separation of the placenta. There are two main classes of decelerations based on shape and five subclasses based on duration or their temporal relationship to contractions.
Automated detection of these patterns is challenging because examples in each class can vary considerably in size and shape, reflecting diversity of the underlying process as well as the cumulative effect of several superimposed conditions. Moreover, the recordings are collected during childbirth and contain numerous gaps and artifacts related to frequent maternal and fetal movements. Finally, clinical utility requires accurate and timely detection.
II. OBJECTIVE
To develop automated techniques to detect and fetal heart rate patterns and to estimate their parameters. This must be done with a high degree of accuracy and adaptability to a real time environment.
III. METHODS
We employ a combination of ad-hoc rules, signal processing and neural-network classification to estimate FHR baseline and variability, and to detect acceleration and deceleration patterns. Figure 1 ), the features of We use a cluster-ensemble training method that partitions the classification space into clusters identified by a specialized expert. When the system is fully trained, the complete classification space is partitioned and later recognized by a combined vote of all experts using an arbiter as a voting mechanism.
Partitioning of the classification space is a process of sequential "label-exclusion" of recognized clusters from the classification space. At the beginning the complete classification space is used to train the first expert implemented as a neural-network classifier. After training, the positively recognized cluster is "label-excluded" from the classification space by reversing its classification label (i.e. from TRUE to FALSE). After the "label-exclusion" of the recognized cluster the classification space is used to train the second expert, then the third expert and so on.
Obtaining a neural-network expert is done by a two-stage training procedure. In the first stage, a number of temporary experts are created. In the second stage all temporary experts are scanned to choose the one having the largest cluster coverage. There are two important requirements of this methodology that need to be fulfilled: B. Acceleration-Deceleration Detection Acceleration and deceleration events are detected in a twostep manner by first identifying candidate peaks or valleys in the signal (hereafter referred to as "bumps"), and then classifying these candidates using a neural network. While detection of accelerations is done independently from that of decelerations, the symmetry of the two problems permits a common approach to be used.
I) Bump Detection
Candidates are detected using a bank of band-pass filters to obtain events of overlapping duration ranges (from a minimum of 15s to a maximum of 5 min). The ranges are selected considering the probability distribution functions of event durations derived from expert FHR interpretation (shorter events are given tighter ranges for greater precision). After this filtering is done, the high frequency content (bumps of short duration) and the low frequency component (containing the energy of the FHR offset) are removed from the signal. The zero-crossings of this signal then delineate the event time extents (see Figure 2 for an example with one filter output). Events having insufficient area or duration are rejected using a conservative threshold that preserves sensitivity as much as possible. Events collected from each band-pass filter are then placed into a competition such that among overlapping candidates, only the highest amplitude event survives. 2) Bump Classification To classify these candidates, an expert marked the same FHR tracings into segments of baseline, acceleration and deceleration. The decelerations were further sub-classified as either gradual or abrupt onset types. The dataset consisted of 161 FHR tracings (for a total of 762 hours) from babies having normal or neurologically impaired outcome, comprising expert markings of 5831 decelerations and 2722 accelerations. The ratio of abrupt to gradual events was roughly 3:1. The sensitivity of the candidate detector was greater than 95% for these events although it collected an additional 12438 non-deceleration and 15651 non-acceleration events.
Based on expert consultation, the features in Table 2 were deemed important to the classification task and were extracted for all candidates (see also Figure 3 and Figure  4) .
These features are then applied to the training of feedforward neural networks. Training is performed using Levenberg-Marquardt back-propagation (Hagan 1994 ), a second-order training algorithm, using eight-fold crossvalidation. The best architecture that avoided both overfitting and underfitting was 4 x 4 x 2 for accelerations and 4 x 4 x 3 for decelerations. Table 2 : Acceleration and deceleration candidate features. 
IV. RESULTS
We created two testing standards independent from the training set. A small set of tracings were marked by five experts (Panel Standard) while a much larger set was marked by one expert (Expert Standard). The computer markings were compared to these standards.
A.
Baseline
The baseline estimates were highly correlated with the baseline markings of the clinical experts in the "Standard" sets of tracings. We compared the median baseline every 15 minutes. The results are shown in Table 3 and Figure 5 . C. Classification ofdecelerations according to shape Table 5 and Table 6 
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